Abstract: Detection of forest disturbance and recovery has received much attention during the last two decades due to its important influence on forest carbon budget estimation. This research used Landsat time-series data from 1984 to 2015 to examine forest disturbance and recovery in a subtropical region of eastern Zhejiang Province, China, through the LandTrendr algorithm. Field inventory data and high spatial resolution images were used to evaluate the disturbance and recovery results. This research indicates that high producer and user accuracies for both disturbance and recovery classes were obtained and three levels of disturbance and recovery each can be detected. Through incorporation of climate data and disturbance results, drought events also can be successfully detected. More research is needed to incorporate multisource data for detection of forest disturbance types in subtropical regions.
Introduction
Forest ecosystems are often disturbed by physically induced (e.g., drought, fire) and human-induced (e.g., selective logging, clear-cutting) factors, resulting in high uncertainty in forest carbon budget estimation [1] [2] [3] [4] . Due to high forest coverage and relatively young forest ages, the subtropical region of China has become an important carbon sink [5] and has played an important role in the global carbon budget [6] . However, high population density, economic conditions, and frequent natural disasters (e.g., drought, flooding) in this region generate frequent disturbances, which can result in uncertain carbon estimation if the disturbances are not taken into account. Timely and accurate detection of forest dynamic change [6, 7] is required to better understand its contribution to reducing the uncertainty of carbon budget estimation.
Forest disturbance is a discrete event caused by a significant change in the physical environment in a forest ecosystem, a community, or a species structure [8] . The disturbance can originate from natural events such as forest fire, drought, flooding, insect pests, and freezing, or human-induced factors such as deforestation, selective logging, and mining. Forest disturbance can be destructive, resulting in significant damage to the forest structures and degradation of ecological functions [9] . Conversely, forest recovery can be natural, a process of natural vegetation succession, or artificial, gradual recovery through forest management such as the alteration of inefficient forests [2] .
In general, forest disturbance and recovery information can be obtained through field inventory or remote sensing technologies. Field surveys are the most accurate approach to examine forest In recent years, the two algorithms LandTrendr [24, [41] [42] [43] [44] [45] and BFAST [16, 33, 46, 47] often have been used to detect forest disturbance and recovery in North America. There are also other algorithms such as Continuous Change Detection and Classification (CCDC) [48] and Continuous Monitoring of Forest Disturbance Algorithm (CMFDA) [9] . Different algorithms have their own merits and shortcomings in forest disturbance detection, but it is unclear which one has the best performance for a specific study area. It also is a challenge to validate forest disturbance assessments due to difficulty in collecting ground-truth data. High spatial resolution images such as QuickBird with a multitemporal scale were often used for this validation, presenting an overall accuracy of 60%-80% [17] [18] [19] 41] .
Forest change can be grouped into three broad categories: abrupt, moderate, and slight. Abrupt change is similar to land-cover conversion, the complete change from one land cover to another; for example, from forest to cropland or pasture or buildings, from bare soils to plantations. The detection of deforestation and afforestation using remote sensing techniques is relatively easy because of the significant difference in spectral signatures in optical sensor data. The challenge is to detect the moderate and slight changes (or modifications)-changes in quantitative values without change in types-for example, the forest change due to selective logging, insect disease, and drought. Moderate change shows an obvious difference in forest canopy structures caused by external factors (e.g., extreme weather, human activities), resulting in obvious change from before to after the event. Remote sensing technologies can detect moderate change; for example, Meddens et al. [49] detected bark beetle-caused tree mortality using single-date and multidate Landsat imagery in north-central Colorado and southern Wyoming, Schwantes et al. [50] quantified drought-induced tree mortality in the open canopy woodlands of central Texas using a Landsat time series; Jarron et al. [25] differentiated different levels of harvesting practices using annual Landsat time-series data in central British Columbia, Canada. The biggest challenge in using remote sensing technology is to detect the slight forest change, which may be caused by such factors as selective logging or a drought event, resulting in gradual degradation or recovery in a relatively short time. This kind of detection requires careful selection of remote sensing time-series data, suitable variables, and algorithms. For example, Meigs et al. [23] examined the detection of four subtle change types: short-duration decline then recovery; shortthen long-duration decline; long-duration decline; and long-duration decline then recovery using the LandTrendr algorithm in Oregon, USA. Lambert et al. [51] monitored forest decline through remote sensing time-series analysis in southwestern Massif Central Mountains, France. Chen et al. [52] detected the gradual tree line movement in Tianshan Mountain, China, using spectral mixture analysis based on multitemporal Landsat multispectral images.
Many previous studies on forest disturbance assessments have focused on coniferous forests and mixed evergreen and deciduous forests in North America [9, [17] [18] [19] 24, 48, 53, 54] . In the subtropical forest regions of China, detection of forest disturbance and recovery has not received much attention. The major reasons may be (1) the complex landscape and species composition; (2) complex impacts of different physically and human-induced factors such as selective logging, extreme weather, and insect disease on forest disturbance, resulting in difficulty in detecting forest disturbance in this region. Therefore, the objective of this research is to explore the detection of forest disturbance and recovery levels in the subtropical region in Zhejiang Province using the LandTrendr algorithm based on Landsat time-series data.
Materials and Methods

Study Area
The study area is located in the eastern coastal area of Zhejiang province, China (Figure 1 ). This region belongs to the subtropical monsoon climate zone presenting four distinct seasons. The Terrain is undulating, flat, and low elevation areas in the coastal region in the east and mountains with elevations as high as 1470 m in the southwest region. This study area had high forest coverage of 62.2% in 2000 and included broadleaf, coniferous, and mixed forests, as well as bamboo. Major afforestation began in the late 1970s and continued until the late 1990s in the mountainous regions. The population density and economic conditions decline from the coastal region to the mountainous regions. In the past three decades, rapid urbanization, especially in coastal regions, has resulted in a large conversion from agriculture land to impervious surfaces [55] . The rapid population migrations from rural to urban and relevant urban expansion have accelerated the conflict between land needs for urban construction and farmlands for food production. In order to keep the agricultural area stable for food production, the government issued policies stating that loss of agriculture areas in one place had to be complemented from other places, resulting in deforestation in mountainous regions [56] . Therefore, the rapid urbanization in coastal regions has resulted in high conversion of forest land to agricultural land in mountainous regions, but the land quality for agriculture is often poor.
This study area is vulnerable to natural disasters. The main weather disasters are intense rain and low temperatures in the spring season, typhoon, hail, and high temperatures in summer, droughts in fall, and flooding in the rainy season. According to the Taizhou Statistical Yearbook records, high temperatures and droughts in summer is an important factor resulting in forest disturbance; other natural disasters such as typhoons, flooding, and hail have limited effects on forest disturbance. In contrast, human-induced factors such as deforestation and selective logging seriously affect forest disturbance, while afforestation and forest management promote forest recovery.
Data Preparation
Different datasets were collected and used in this research (Table 1) . Landsat TM/ETM+/Operational Land Imager (OLI) imagery from 1984 to 2015 was selected based on the consideration of data availability, quality, and similar vegetation phenology. In this subtropical region, frequent cloud cover is a major problem restricting image collection. For example, no images were available between 1993 and 1998 in this study area. This problem affects the effective detection of forest disturbance because forests can be quickly restored if growth conditions such as temperature and moisture are suitable. After all Landsat images were collected, one important step was to convert the digital number to surface reflectance. The Landsat Ecosystem Disturbance Adaptive Processing System (LEDAPS) algorithm provided the approach to conduct the radiometric and atmospheric calibrations for all Landsat TM and ETM+ images [57] . Because LEDAPS did not provide the atmospheric calibration algorithm for Landsat 8 OLI data, a similar approach was used The population density and economic conditions decline from the coastal region to the mountainous regions. In the past three decades, rapid urbanization, especially in coastal regions, has resulted in a large conversion from agriculture land to impervious surfaces [55] . The rapid population migrations from rural to urban and relevant urban expansion have accelerated the conflict between land needs for urban construction and farmlands for food production. In order to keep the agricultural area stable for food production, the government issued policies stating that loss of agriculture areas in one place had to be complemented from other places, resulting in deforestation in mountainous regions [56] . Therefore, the rapid urbanization in coastal regions has resulted in high conversion of forest land to agricultural land in mountainous regions, but the land quality for agriculture is often poor.
Different datasets were collected and used in this research (Table 1) . Landsat TM/ETM+/ Operational Land Imager (OLI) imagery from 1984 to 2015 was selected based on the consideration of data availability, quality, and similar vegetation phenology. In this subtropical region, frequent cloud cover is a major problem restricting image collection. For example, no images were available between 1993 and 1998 in this study area. This problem affects the effective detection of forest disturbance because forests can be quickly restored if growth conditions such as temperature and moisture are suitable. After all Landsat images were collected, one important step was to convert the digital number to surface reflectance. The Landsat Ecosystem Disturbance Adaptive Processing System (LEDAPS) algorithm provided the approach to conduct the radiometric and atmospheric calibrations for all Landsat TM and ETM+ images [57] . Because LEDAPS did not provide the atmospheric calibration algorithm for Landsat 8 OLI data, a similar approach was used for that data [20] ; that is, the radiometric calibration was conducted using ENVI 5.1 software (Research Systems Inc., Boulder, CO, USA). Then, a second simulation of the satellite signal in the solar spectrum (6S) model was used to conduct atmospheric calibration for which the relevant parameters were from the Landsat ETM+ data [58] . The calibrated results between OLI and ETM+ were compared to make sure the unchanged forest sites at the same locations had similar surface reflectance values. The Tasselled cap transformation algorithm [59, 60] was used to transform Landsat multispectral bands into three components: brightness, greenness, and wetness. The Fmask algorithm was used to mask cloud and shadow of time-series images to eliminate their influence on the LandTrendr temporal segmentation algorithm [61, 62] . NDVI was used to distinguish impervious surfaces, bare soils, and water bodies from vegetation (forest and non-forest vegetation such as croplands). Phenology information of croplands based on different seasons of Landsat images was used to further separate croplands and forests. Direct separation of croplands and forests based on spectral signatures of a single-season Landsat image is often difficult. In this study area, croplands have three types: (1) planting in spring and harvesting in fall; (2) planting in winter and harvesting in summer; and (3) greenness in both spring and fall seasons. Based on Landsat OLI images in winter 2014 and summer 2015, sample plots for the three cropland types were selected, and the matched filtering approach [63] was used to extract the croplands. Meanwhile, elevation and slope from digital elevation model (DEM) data was further used to modify the results because cropland is usually distributed in the regions with slopes of less than 10 • and elevation of less than 600 m. Climate and forest inventory data were used to examine forest disturbance by combining the LandTrendr-detected disturbance results.
2.3.Detection of Forest Disturbance and Recovery
The LandTrendr time segmentation algorithm has been regarded as a good approach to effectively detect forest disturbance and recovery [41, 64] ; thus, it was used in this study. Through the extraction of the surface reflectance change trend from the time-series data, the LandTrendr algorithm can capture short-term disturbance and long-term recovery trend. A detailed description of this algorithm can be found in previous publications (e.g., [41] ). Previous research also indicated that the NBR is more sensitive to disturbance events than the NDVI and TCW (wetness component of the Tasselled cap transformation). Therefore, this research selected NBR to detect forest disturbance and recovery. The NBR is calculated as NBR = (NIR − SWIR)/(NIR + SWIR)
where NIR and SWIR are near infrared (850-880 nm) and shortwave infrared (1570-1650 nm) reflectance. The normalized reflectance time-series images, the Tasselled cap transformed components, and the cloud and shadow mask images were used as input to the LandTrendr model. The model control parameters were obtained using the approach described in [41] . The major output includes the NBR value, years of change vertices, the duration and the change amount of every segment. Based on the LandTrendr results, three classes-disturbance, recovery, and stable (no-change)-were classified [41] . Two approaches-forest inventory data and visual interpretation-were then used to evaluate the LandTrendr results. A total of 261 permanent plots with plot size of 800 m 2 were measured in 1994, 1999 and 2004, and were used as reference data for accuracy assessment. Based on surveyed items such as forest type, dominant tree species, forest ages, average canopy height, and average diameter at breast height (DBH), we evaluated each plot between two inventory dates to decide whether the plot was in one of the three classes: disturbance, recovery, or stable. The surveyed sample plots were linked to the corresponding locations from the LandTrendr results to produce an error matrix. An alternative is to use the Timesync visual interpretation method [42] . Samples were randomly selected and allocated on the LandTrendr results, and each plot was visually examined to determine the disturbance year and level (disturbance, recovery, or stable) using time-series analysis with high spatial resolution images between 2004 and 2015 from Google Earth. Because some points cannot be determined due to different factors such as clouds and image quality, these points were removed; thus, 306 samples were finally selected for validation.
Determination of Disturbance and Recovery Levels
In order to further examine forest disturbance severity, three disturbance levels of serious, moderate, and light were classified. In this research, 32 sample plots were used to determine the thresholds through the analysis of mean and standard deviation of the d NBR (mean− 2*std, mean+ 2*std); here, d NBR represents the NBR difference of two images between neighboring dates and std represents standard deviation. The thresholds for recovery levels are the opposite of disturbance levels. Table 2 summarizes three disturbance and recovery categories, each based on these thresholds.
As Table 1 indicated, not every year has Landsat images due to the cloud-cover problem in this study area. Based on the Landsat data availability, this study was first analyzed in five time periods: 1987-1993, 1993-1998, 1998-2004, 2004-2010 and 2010-2015 , for the sake of result presentation in temporal distribution. The statistical analysis of disturbance and recovery areas was then analyzed at the real-time periods of one, two, three or five years, depending on the data availability. For comparison of the changed areas of disturbance and recovery levels, annual change areas were calculated. Meanwhile, the climate data (e.g., temperature and precipitation in July) were linked to the disturbance and recovery results for exploring the drought-induced forest disturbances. 
Results
Analysis of LandTrendr Results
The accuracy assessment results based on forest inventory samples and visual interpretation separately (Table 3) indicated that the LandTrendr approach can effectively detect forest disturbance and recovery classes. Both accuracy assessment results show high producer and user accuracies for disturbance and recovery classes but have very low user accuracy for the stable class. There is a high amount of confusion between the stable and recovery classes; that is, many samples of recovery class were misclassified to stable class. For some forest inventory samples, we assume that the forest is in recovery state due to natural growth, but Landsat cannot effectively detect its change in spectral signatures due to the data saturation problem caused by remote sensing data limitation. In contrast, for some forest samples, we cannot clearly decide if it is in recovery state or stable state through visual interpretation because of their similar color and spatial structure. However, the high producer and user accuracies for both disturbance and recovery categories imply that the approach used in this research is robust. 
Spatial and Temporal Patterns of Forest Disturbance and Recovery
The spatial distribution of forest disturbance in Figure 2 indicates that forest disturbance occurred dispersedly. The forests closer to the urban regions or roads resulted in higher frequency of disturbance. Overall, light disturbance is widely distributed with small patch sizes; serious and moderate disturbances show large patches. In contrast, the study area is occupied by the recovery classes, especially the light-and medium-recovery classes (see Figure 3) , implying that forests in this study area were expanded or in continuous growth during the change detection periods. The statistical results for different levels of disturbance and recovery during various detection periods (Table 4) indicate that the disturbance area is much smaller than recovery area, the areas of different disturbance levels are slightly increased overall, but the areas of recover levels remained relatively stable. The annual disturbance rate during 2010-2015 was especially higher than in any other period. One interesting thing is that the disturbance areas in 1993-1998 were much smaller than in any other period, but the recovery areas were larger. This is caused by the data problem that longer intervals between Landsat images (see Table 1 
Analysis of Statistical Data of Forest Disturbance and Recovery
The statistical results of the disturbance and recovery areas (Table 5) Table 5 are linked to drought events (high temperature and low precipitation in Figure 4 ), the years of high disturbance areas coincide with the years of drought, implying that drought events can be successfully detected using the LandTrendr approach. In addition, this implies that drought events are an important factor resulting in forest disturbance in this region. For example, Figure 4 indicates that 1991, 2003 and 2013 had the most drought; thus, the areas with the highest disturbance for these years and following years were detected, with forest recovery areas often appearing one year later. Table 5 also indicates that the optimal detection period is one or two years. The five-year period is too long to effectively detect disturbance and recovery. As shown in Table 5 , the annual change area due to disturbance and recovery in 1993-1998 is much smaller than in other neighboring years. This is reasonable in that forest growth is dynamic; thus, forest disturbance due to selective logging or drought can be restored in months or years. 
Discussion
This research shows that LandTrendr can effectively detect disturbance and recovery categories with high producer and user accuracies based on Landsat time-series data in a subtropical region. This research also indicates that the detection of forest disturbance and recovery is a comprehensive procedure that requires consideration of different factors such as collection of ground-truth data, definitions of disturbance and recovery classes, selection of suitable remote sensing variables and optimization of parameters used in the algorithm, and evaluation of detected disturbance and recovery results. In particular, selection of suitable variables and corresponding algorithm is critical for successful detection of forest disturbance and recovery classes.
Different remote sensing variables, such as Landsat SWIR [19] , NBR [23, 24] , Wetness from Tasselled cap transform [24, 25] , and subpixel features [31] have been used for detection of forest disturbance. In particular, vegetation indices have been regarded as a better variable than individual spectral bands because they can reduce the impacts of external factors such as topography and atmosphere on the surface reflectance and can enhance some specific features such as forest structure characteristics [10, 65] . For example, previous research on forest disturbance studies in North America has proven that NBR is more sensitive than traditional indices such as NDVI [23, 24] . 
Different remote sensing variables, such as Landsat SWIR [19] , NBR [23, 24] , Wetness from Tasselled cap transform [24, 25] , and subpixel features [31] have been used for detection of forest disturbance. In particular, vegetation indices have been regarded as a better variable than individual spectral bands because they can reduce the impacts of external factors such as topography and atmosphere on the surface reflectance and can enhance some specific features such as forest structure characteristics [10, 65] . For example, previous research on forest disturbance studies in North America has proven that NBR is more sensitive than traditional indices such as NDVI [23, 24] . However, vegetation indices have a data saturation problem; that is, when forest canopy density reaches a certain value, NDVI values become the same even if forest biomass continued to increase [66] . The fraction image from the decomposing multispectral imagery can improve the performance for forest disturbance, as shown in a detection of drought-induced disturbance of hickory plantations [31] . In reality, the disturbance caused by different factors such as selective logging and insect disease have different influences on the forest canopy features; thus, it may require identifying a specific vegetation index for the forest disturbance detection. It is unclear that NBR is the best for subtropical regions because of the different compositions of tree species and different disturbance factors in a large area. More research is needed to identify an optimal vegetation index suitable for subtropical regions.
The quality of remote sensing data is an important factor influencing forest disturbance. In subtropical regions, the frequent cloud cover is a big problem resulting in a lack of Landsat images due to its relatively infrequent revisit dates. For example, there are no Landsat images for the years between 1993 and 1998. Most of the disturbances caused by such factors as drought and selective logging can be restored within one or two years; thus, such a disturbance cannot be detected if the detection period is more than two years because vegetation is growing and restoring. This situation is shown in Table 5 : the detected disturbance and recovery areas are much smaller in 1993-1998 than in any other period in this study. For certain years of images, we could not find cloud-free images; thus, we had to combine several images to produce a new image, which influenced the surface reflectance. In the future, more research should be done to develop an algorithm that can effectively integrate the use of different optical sensor data such as CBERS, ASTER, or SPOT if the same sensor data without clouds are not available.
In addition to selection of suitable variables with dense dates, different algorithms such as VCT, LandTrendt, and BFAST have been developed for detection of forest disturbance and recovery [11, [23] [24] [25] [26] 32, 33] , but their performances vary, depending on many factors such as the composition of forest species and complexity of the landscape under investigation, the variables used, and parameters in the algorithm. For example, several control parameters are used in the LandTrendr algorithm and they need to be optimized. It is critical to identify optimal parameters for producing the best detection results. Thus, ground-truth data are very important, but they are often difficult to collect in the field. In the past decade, high spatial resolution images such as QuickBird, Pleiades, and Worldview have been available to partially replace ground-truth data.
Validation of the disturbance results is often a challenge, especially for historical data. In this research, we collected sample plots that had been measured in 1994, 1999 and 2004. We were able to determine whether the plot was disturbed or restored based on the calculation of volume or biomass to see whether the amount increased or decreased, but the change may be small due to some disturbance such as drought. For example, Figure 4 indicates that there was a drought event in 1994, but we do not have Landsat images for 1994-1997; thus, much disturbance that occurred after 1993 and before 1998 cannot be detected. Even if we can use high spatial resolution images for the latest decade, it is still difficult to visually interpret the places where small disturbances or growth occurred, and this is one reason why the stable and recover classes can be confused. That is, many samples with recovery were wrongly interpreted as stable.
Conclusions
The subtropical forest region in China is an important part in influencing the global carbon budget. The high population density and intense physically induced and human-induced factors lead to high forest disturbance, requiring detection of forest disturbance and recovery at long temporal scales. This research used the LandTrendr algorithm to examine forest disturbance and recovery distribution with high accuracy. The major conclusions can be summarized as follows:
(1) LandTrendr algorithm can effectively detect forest disturbance and recovery classes, but dense Landsat time-series data are required for accurately extracting the disturbance and recovery features; (2) ground-truth data are critical to determine disturbance and recovery levels through identification of suitable thresholds, but are often unavailable; thus, high spatial resolution images with multiple temporal scales are very helpful; (3) forest disturbance and recovery detection is a comprehensive procedure that requires good design of different steps: collection of ground-truth data, selection of time-series remote sensing variables, algorithm, and evaluation of the results; (4) more research is needed to integrate multisource data for forest disturbance and recovery detection, especially in subtropical and tropical regions due to the frequent cloud-cover problem.
